This study presents a systematic comparison of different approaches to the automated selection of the principal components (PC) which optimise the detection of maternal and fetal heart beats from non-invasive maternal abdominal recordings. A public database of 75 4-channel non-invasive maternal abdominal recordings was used for training the algorithm. Four methods were developed and assessed to determine the optimal PC: (1) power spectral distribution, (2) root mean square, (3) sample entropy, and (4) QRS template. The sensitivity of the performance of the algorithm to large-amplitude noise removal (by wavelet de-noising) and maternal beat cancellation methods were also assessed. The accuracy of maternal and fetal beat detection was assessed against reference annotations and quantified using the detection accuracy score F1 [2*PPV*Se / (PPV + Se)], sensitivity (Se), and positive predictive value (PPV). The best performing implementation was assessed on a test dataset of 100 recordings and the agreement between the computed and the reference fetal heart rate (fHR) and fetal RR (fRR) time series quantified. The best performance for detecting maternal beats (F1 99.3%, Se 99.0%, PPV 99.7%) was obtained when using the QRS template method to select the optimal maternal PC and applying wavelet de-noising. The best performance for detecting fetal beats (F1 89.8%, Se 89.3%, PPV 90.5%) was obtained when the optimal fetal PC was selected using the sample entropy method and utilising a fixed-length time window for the cancellation of the maternal beats. The performance on the test dataset was 142.7 beats 2 /min 2 for fHR and
ECG from abdominal recordings still remains an open challenge exemplified by the Physionet Challenge 2013 (The Physionet Challlenge 2013 website) which promoted the development of advanced signal processing techniques to improve the state of the art in this field. A variety of methods were proposed, including subspace decomposition and reconstruction, adaptive filtering and averaging, wavelet de-noising, matched filtering, Christov's beat detection, entropy, RS slope, expectation weighting, and echo state recurrent neural network (Silva et al 2013) . Most of the algorithms were structured in four steps, respectively for (1) pre-processing, (2) maternal heart beat detection, (3) maternal heart beat cancellation, and (4) fetal heart beat detection. With respect to the steps for detection of maternal and fetal heart beats, one possible approach is to detect the beats from all the available channels before proceeding to further analysis, as done for example by Lipponen and Tarvainen (2013) . Another possible approach requires the selection of an optimal channel on which the heart beat detection will be performed, as done for example by Andreotti and colleagues (Andreotti et al 2013) . In the latter case, different strategies are possible to select this optimal channel. Similarly, for a PCA based approach such as that used in our study (Di Maria et al 2013) , it is important to determine the algorithms for selecting the principal components which optimise subsequent heart beat detection.
The aim of this study were: (i) to compare different methods for automatically selecting the principal components which optimised the detection of maternal and fetal beats, (ii) to assess the importance of large-amplitude noise removal and several approaches to maternal ECG cancellation, and (iii) to compare the performance of the algorithm to that of other algorithms presented in the Physionet Challenge 2013.
Methods

Dataset
The dataset Set-A from the Computing in Cardiology Physionet Challenge 2013 was utilised as the training set for developing and assessing the different processing tools. This dataset contains 75 4-channel non-invasive abdominal recordings, each one lasting 60 s. For each recording, a reference fetal beats time series (fR-peaks) was also provided. For our study, to enable the accuracy of automatic detection of maternal beats to be quantified, the maternal beats (mR-peaks) were manually annotated by the first author. The annotated mR-peaks were selected on the channel which visually showed the most clear maternal ECG after basic 3-100 Hz filtering. All recordings were visually inspected to assess recording quality. Manual annotation of the maternal beats was not possible across the entire recording in 4 recordings (records a29, a38, a54, and a56), so these were removed from the analysis. Hence, 71 recordings (SET-1) were available to test the accuracy of maternal beat detection. Visual inspection showed that, out of these 71 recordings, 59 did not contain large-amplitude noise (SET-1a), and 12 did (SET-1 b). An additional 5 recordings had incomplete annotations of the fetal beats (records a33, a47, a52, a71, a74) and these were removed from the stages of the analysis following maternal beat detection. Hence, 66 recordings (SET-2) were available to test the accuracy of fetal beat detection.
The performance of the best implementation was finally assessed on the test dataset Set-B, also from the Computing in Cardiology Physionet Challenge 2013, for which reference fetal R-peaks were not available to us. This dataset consisted of 100 4-channel recordings, each one lasting 60 s. Both Set-A and Set-B are available online through the Physionet website (Goldberg et al 2000) and described in more detail in an editorial (Clifford et al 2014) .
The initial algorithm for detection of maternal and fetal beats was based on PCA of the multi-lead recordings and using always the first principal component (PC) for detecting either the maternal or fetal beats, i.e. without any optimisation of the selected PC. This section describes the initial algorithm and section 2.3 presents the additional processing tools for selecting the PC which were assessed in this work leading to the final implementation.
The initial algorithm consisted of four main steps (figure 1): (1) pre-processing of the raw aECG signals for noise reduction; (2) detection of the maternal beats; (3) cancellation of the maternal beats; (4) detection of the fetal beats. Each of these is described below. Pre-processing. Low and high frequency noise, mostly caused by movement artefacts, respiration, and electrical interference (Onaral et al 1984) , was removed by a 3-100 Hz band-pass filter (figure 1, step 1.1). Power line noise was suppressed by an appropriate notch filter (step 1.2). Large-amplitude spikes, for example due to sudden movement artefact, were removed by wavelet de-noising (step 1.3). For this purpose, a 1-level wavelet decomposition was applied to each of the four channels using a bi-orthogonal mother wavelet. A threshold of 10 times the root mean square value was defined for the approximation; a threshold of 0.15 times the root mean square value was defined for the detail. The approximation and detail components were set to zero when they were larger than their respective threshold.
Detection of maternal beats. To emphasise the features of the maternal QRS (mQRS) complex, a 3-35 Hz band-pass filter was applied (step 2.1) and the 4 maternal principal components (mPC) computed (step 2.2). The first principal component was selected for maternal beat detection (mPC 1 ) since this component was expected to contain the large maternal QRS complexes (step 2.3). Beat detection (figure 2) used thresholding of the square of the first derivative of mPC 1 to 1.5 times its root mean square value after applying a 40-point median filter, and selecting the peaks above this threshold (step 2.4).
Cancellation of maternal beats. An average maternal beat was calculated separately for each channel (step 3.1) using the automatically detected mR-peak times as reference points and considering the heart beat to be contained in an RR-adjusted-length time window including 30% of the previous and next RR time interval. The maternal beats were cancelled by aligning the average beat with each maternal beat according to the lag which gave the highest correlation. Then the template was scaled both for width and amplitude and subtracted from the original signal leaving the fetal ECG (step 3.2). This process was carried out separately for each of the four original channels and for the two halves of the signal (first and last 30 s) in order to account for space and time variability of the ECG waveform.
Detection of fetal beats. Wavelet de-noising was used to reduce artefacts of mECG cancellation (step 4.1). For this purpose, a threshold was fixed based on the root mean square value of the nth-level detail signal. The coefficient for the root mean square value used at leach level 1-10 was respectively: 3. 5, 8, 0, 0, 0, 80, 100, 85, 80, 65 . The signal of the nth-level detail was set to zero when below its respective threshold before reconstruction. The four fetal principal components (fPC) were computed (step 4.2). The first principal component was selected for fetal beat detection because this component was expected to contain the (relatively) large fetal ECG QRS complex (step 4.3). Fetal beats were detected using a local peak detection algorithm.
Algorithms for selecting the optimal principal component for maternal and fetal peak detection
In the above, for both maternal and fetal beat detection, the first principal component was used based on the expectation that this would contain the large ventricular activity. However, this expectation might not always be met, particularly in noisy recordings, and the current study assessed algorithms for selecting the principal component which provided the best performance for maternal and fetal beat detection. Furthermore, optimal cancellation of maternal beats is likely to affect the performance of the algorithm so this study also assessed the sensitivity of the algorithm to different implementations of maternal beat cancellation.
Selection of the optimal principal component.
Four approaches for selecting the optimal PC were implemented: (1) power spectral distribution (psd) (for maternal beat detection only); (2) root mean square (rms); (3) sample entropy (sampen); and (4) QRS template.
The aim with each of these approaches was to select the PC with the clearest and most enhanced QRS complexes, as this would facilitate the process of detecting the peaks of the R waves. The rationale for these approaches follows.
Power spectral distribution. It was expected that most of the power of the QRS is in the band 5-35 Hz. A psd score was calculated for each principal component as the ratio of the power in the band 5-35 Hz (as representative of the QRS complex) to the power in the band 0-5 Hz (as representative of the low-frequency component of the ECG) as defined in equation (1.1). This was done for six 10 s non-overlapping portions of the principal component and the average value used as the final psd score (equation (1.2)). The PC with the largest psd score was selected for beat detection. Root mean square. This method was based on the idea of quantifying the amplitude of the QRS complexes in each principal component. An rms score was calculated for each principal component as follows. A threshold th was defined as the root mean square value of the squared signal x 2 . An rms score was calculated as the ratio of the sum of the amplitudes of the signal above the threshold (related to the R waves) to the sum of the amplitudes of the signal below the threshold (related to the baseline level of the signal) as defined in equation (2.1). This was done for six 10 s non-overlapping portions of the principal component and the average value used as the final rms score (equation (2.2)). The PC with the largest score was selected for subsequent beat detection. Sample entropy. Sample entropy quantifies the regularity of a signal. A very regular signal will have a very low value of sample entropy whereas a signal containing random noise will have a higher value. Therefore, this method for the selection of the mPC is based on the assumption that a principal component with clear ECG and little noise will have lower values of sampen. For the calculation of sample entropy, a value of m = 3 was used for the embedding dimension, and a value of r = 0.15 times the standard deviation was used for the tolerance. Implementation details for the calculation of sample entropy are provided in Richman and Moorman (2000) . A sample entropy value was calculated for each of the six 10 s non-overlapping portions of a principal component. For each principal component, a sampen score was obtained as the average of these six values. The PC with the lowest sampen score was chosen to be the optimal one for subsequent beat detection.
QRS template. The QRS template approach firstly produced a smoothed version of each PC. An ECG-like template (represented by a 100 ms triangular wave) was passed along the PC and the correlation coefficient between the PC and the triangular wave calculated at each step. A threshold th was defined as the root mean square value of the correlation signal C. A template score was calculated as the ratio of the mean value of the correlation signal above the threshold (related to the amplitude of the R waves) and the threshold value itself (as a measure of the baseline level of the signal) as defined in equation (3.1). The final template score was given by the average of the six ratios calculated in each of the 10 s portions of the signal (equation (3.2) ). The PC with the largest value for this score was chosen as the optimal one for subsequent beat detection. .2) 2.3.2. Cancellation of maternal beats. Maternal beat cancellation was based on the generation of an average beat followed by the subtraction of this from each beat in the waveform. Two important considerations for average beat generation were (i) the size of the window assumed to contain the beat, and (ii) the number of beats used to generate the average beat. The initial approach described above in section 2.2 was to use an adjusted-length time window (30% of the previous and following RR time) and 30 beats to calculate the average one. To assess the sensitivity of the algorithm to specific implementation of this general framework for maternal beat cancellation, the initial approach was compared to one using a fixed-length time window for the interval considered to contain the maternal beat and also to different numbers of beats used for the average beat generation. For the fixed-length time window approach, the maternal ECG complex was considered to be in a window 250 ms before and the 450 ms after the mR-peak. The number of beats used to generate the average beat ranged from 5 to 30 in steps of 5.
Assessment
Maternal beat detection. Assessment of the methods for selecting the optimal maternal PC was in terms of accuracy in detection of the maternal beats using the manual annotation as the reference, on the basis that the optimal PC would provide the greatest accuracy. The effect of wavelet de-noising ( figure 1, step 1. 3) on the accuracy of maternal beat detection was assessed by comparing the algorithm with and without this noise reduction step. The implementation providing the most accurate maternal beat detection was retained for subsequent assessment of the fetal beat detection.
Fetal beat detection. Assessment of the methods for selection of the optimal fetal PC was done in terms of accuracy in the detection of fetal beats against the reference annotations. Sensitivity of the algorithm to specific implementations of maternal beat cancellation (specifically, fixed or adjusted time window and variable number of beats used to generate the average beat) was assessed also in terms of accuracy of fetal beat detection.
Scoring
For evaluation of the performance of the algorithm on the training set in detecting the maternal and fetal R-peaks as compared to the reference values, primarily a detection accuracy score (F1, Behar et al 2013) was utilised (equation (4).1)) to provide a metric which balances sensitivity and positive predictive value.
Where TP is the number of correctly identified R-peaks, FP is the number of falsely identified R-peaks, and FN is the number of missed R-peaks. A detected R-peak was labelled as TP if within 100 ms of a reference R-peak. If no corresponding reference R-peak was found in this time window, then the detected R-peak was labelled as FP. If no corresponding detected R-peak was found for a reference R-peak in the same time window, this generated a FN. As further assessment metrics, also the sensitivity (Se) and the positive predictive value (PPV) were considered.
The total F1 score, Se, and PPV for the entire dataset were calculated as the average of the individual values obtained for each record.
The performance on the test set (for the best performing implementation identified from the training set) was quantified using: (1) the mean square error between the reference and the computed fetal heart rate (fHR) time series measured in beats 2 /min 2 , and (2) the average root square error between the reference and computed fetal RR (fRR) time series measured in milliseconds (ms) (Clifford et al 2014) . Lower values of these metrics indicate better performance (less error). This allowed for direct comparison of our results with the performance of other published work from the Physionet Challenge 2013. The fHR and fRR scores were calculated using the online scoring tool available in the relevant PhysioNetWorks webpage. Table 1 shows the performance for the three indices F1, sensitivity, and positive predictive value of the various methods used for selecting the optimal mPC, with and without wavelet denoising. Table 1(a) shows the results for the entire SET-1. Table 1(b) presents the results for the subset of 59 records which did not contain large-amplitude noise (SET-1a). gives the results for the 12 records containing large-amplitude noise (SET-1 b). The implementation which provided the best performance was the one using the template method for the selection of the optimal maternal PC along with wavelet de-noising. The enhanced performance of this implementation over the others in noisy recordings is clear since it achieved a detection accuracy score (F1) of 99%, whereas selecting always the first PC (mPC 1 ) achieved a score of less than 93% (table 1(c)). This implementation gave F1 99.3%, Se 99.0%, and PPV 99.7% on the entire SET-1 for detection of the maternal R peaks (table 1(a) ). Figure 3 shows the performance in terms of F1 ( figure 3(a) ), Se ( figure 3(b) ) and PPV ( figure 3(c) ) for different methods of selecting the fetal PC. The figure also shows the effect on performance of the different methods for maternal beat cancellation considering fixed and adjusted-length time windows and different numbers of beats used for generating the average maternal ECG beat. Since the psd method gave very poor performance for the maternal beat detection it was not further considered for the selection of the fetal PC. The best performance was obtained using the sample entropy method for selecting the fPC and a fixed-length time window for generating the average maternal beat from 30 heart cycles. This final implementation gave accuracy in detecting the fetal heart beats of F1 89.8%, Se 89.3%, and PPV 90.5%. This compared favourably to the performance of the initial algorithm which was F1 75.1%, Se 73.0%, and PPV 78.2%. Figure 4 shows the application of the final algorithm to record a05 of Set-A through the different processing steps. Figure 4(a) shows the four channels of the raw abdominal ECG recording; figure 4(b) shows the same signals after pre-processing and including wavelet de-noising; figure 4(c) shows the four channels after performing maternal beat cancellation; figure 4(d) shows the fetal PC selected for final detection of the fetal heart beats. The computed beats are indicated by red arrows and the reference ones by black full circles.
Results
Selection of the optimal mPC and effect of wavelet denoising
Selection of the optimal fPC and maternal beat cancellation
Results on the test set and comparison with published algorithms
The final best performing implementation identified above was then assessed on the test dataset Set-B. This gave a result of 142.7 beats 2 /min 2 for the fHR time series and 19.9 ms for the fRR time series. Table 2 compares the performance of this implementation of our algorithm with the results of the 28 other participants in the Physionet Challenge 2013.
Discussion
This study presented a systematic comparison of different methods for the automated selection of the principal components which optimise the detection of maternal and fetal beats in the context of fetal ECG analysis from non-invasive maternal abdominal recordings.
Five methods were evaluated for the selection of the optimal maternal PC: (1) first principal component, (2) power spectral distribution, (3) root mean square, (4) sample entropy, and (5) template. The results showed that the template algorithm performed best overall considering the entire SET-1 (table 1(a) ). This template method can be considered as a simplified version of the approach presented by Andreotti et al (2013) which assessed the agreement between the channels and an average beat obtained using Gaussian kernels. Sample entropy performed equally well with signals not affected by large-amplitude noise (SET-1a, table 1(b)). The improvement in using the template method was even clearer with signals containing large-amplitude noise, giving an F1 of 99.0% on SET-1 b (table 1(c)). In this case the sample entropy performed worse than using the first principal component, F1 91.2% and 92.9% respectively. This result is not surprising considering that the wavelet de-noising method actually modifies the signals setting to zero the portions containing large-amplitude noise. This will have inevitably affected the regularity of the signal as quantified by sample entropy. The value of performing wavelet de-noising before computing the principal components was shown by the consistently better performance of each method as compared to the case without wavelet de-noising (table 1(a) ). Only the psd method contradicted this result and actually performed better in the absence of wavelet de-noising. This is probably because the large-amplitude noise contained power in 1(b) ). This gives confidence that the wavelet de-noising algorithm did not modify the signals when the quality of the recording was good. When signals contained large-amplitude noise, the use of wavelet de-noising greatly improved the performance (table 1(c)). In this case, the basic approach using the first principal component improved by 22.6% in F1 when using wavelet de-noising (from 70.3% to 92.9%). The best performing template method improved by 8.5% (from 90.5% to 99.0%). The use of wavelet de-noising allowed for an initially noisy channel to be kept for subsequent analysis on the assumption that portions of this noisy channel may still contain good quality signal which could help the subsequent detection of the fetal beats. This is an alternative approach to excluding noisy channels from the analysis (Liu C et al 2013) .
Four methods were evaluated for the selection of the optimal fetal PC: (1) first principal component, (2) root mean square, (3) sample entropy, and (4) template. The method based on power spectral distribution performed poorly in the detection of maternal beats and therefore was not considered for the selection of the fetal PC. The best performing method was sample entropy which gave a mean F1 of 89.8% when using a fixed-length window for maternal beat cancellation and 30 heart cycles for generating the maternal average beat ( figure 3(a) ). The template method also performed well (with fixed-length window), but not as well as sample entropy in this case. This is because the template method assumes that a clear QRS complex should be present which although almost always true for maternal beats, this is not the case for fetal beats due to their relatively low amplitude. The sample entropy was able to identify and quantify the regularity given by the fetal heart activity even in the absence of clear QRS complexes in the recordings. The use of a fixed-length time window for generating the average maternal beat always outperformed the adjusted-length window ( figure 3 ). This is because the use of a 700 ms window is likely to contain almost the entire heart cycle whereas the adjusted-length window only contained about 60% of it and this may not suffice to include the entire PQRST complex in all cases. This approach led to non accurate cancellation in the case of slow heart rates in which the QT interval was relatively long and was a limitation of our initial algorithm (Di Maria et al 2013) . In addition, the adjusted-length window approach assumed a linear relationship between the duration of the PQRST complex and the RR time. However, a previous study (Malik et al 2002) showed that the relationship between the QT interval (here approximated to the PQRST length) and the RR time is not necessarily linear. Furthermore, even when this relationship is linear it has different slope from subject to subject. The algorithm was relatively insensitive to the number of beats utilised to generate the average maternal beat (figure 3). After this assessment, the best performing implementation of the algorithm used the template method for selection of the optimal maternal PC and the sample entropy for the optimal fetal PC; it utilised the wavelet de-noising algorithm and a fixed-length time window for cancellation of the maternal beats (with 30 maternal beats used to generate the average beat). Compared to the initial algorithm (section 2.2) this implementation improved the performance for the ultimate goal of accurately detecting the fetal beats with F1 89.8% vs 75.1%, Se 89.3% vs 73.0% and PPV 90.5% vs 78.2%. Algorithm thresholds and parameters were set empirically and there was no systematic optimisation of these values in the present study, so this is a potential area of improvement. The step for reducing large-amplitude noise was considered also by other authors using different techniques. For example, Varanini and colleagues (Varanini et al 2013) used an approach based on selective median filtering. Other algorithms which performed particularly well in the challenge used more complex and adaptive methods for the cancellation of the maternal ECG such us Kalman smoother (Andreotti et al 2013) , augmented principal component regression (Lipponen and Tarvainen 2013) , and singular value decomposition (Varanini et al 2013) . The best performing algorithms undertook a common four step approach but also included a post-processing stage to ensure parameters were within expected physiological ranges (Andreotti et al 2013) . In addition, the best performing algorithms generated additional waveforms based on channel differences or ICA (Andreotti et al 2013; Lipponen et al 2013) , with the benefit of noise cancellation or feature enhancement. Adaptive processes, such as maternal template adaption, were common features of the best performing algorithms (Andreotti et al 2013; Haghpanahi et al 2013) . Also, performance was enhanced when several algorithms were combined and a quality measure used to define the optimal algorithm for a specific recording Xu-Wilson et al 2013) . For example, Behar et al (2013) used several algorithms for mECG extraction on each recording, and then from the resulting fHR time series chose the smoothest one. In addition, a post-processing stage, not considered by our algorithm, identified outliers in the fRR or fHR time series such that values lying outside of expected physiological range were constrained (Andreotti et al 2013) . As a common decomposition technique PCA was the basis of many of the algorithms submitted to the Challenge (Di Maria et al 2013; Petrolis et al 2013) . However, without optimisation of all the processing steps, PCA alone could not match the performance of the highest ranking algorithms.
The final implementation presented in this work ranked 14 (fHR score) and 17 (fRR score) out of 29 when compared to the other algorithms presented at the Physionet Challenge 2013.
Conclusion
The results of this study suggest the template and the sample entropy methods as promising approaches to selecting the optimal PCA channel for maternal and fetal heart beat detection. The value of using wavelet de-noising has also been demonstrated along with the sensitivity of the performance of the algorithm to the method used for cancellation of the maternal beats.
